One of the main challenges in the applications (i.e.: text summarization, question answering, information retrieval, etc.) of Natural Language Processing is to determine which of the several senses of a word is used in a given context. The problem is phrased as "Word Sense Disambiguation (WSD)" in the NLP community. This paper presents the dictionary based disambiguation technique that adopts the assumption of one sense per discourse in the context of SemEval-2007 Task 7: "Coarse-grained English all-words".
Introduction
Cohesion can be defined as the way certain words or grammatical features of a sentence can connect it to its predecessors (and successors) in a text. (Halliday and Hasan, 1976 ) defined cohesion as "the set of possibilities that exist in the language for making text hang together". Cohesion occurs where the interpretation of some element in the discourse is dependent on that of another. For example, an understanding of the reference of a pronoun (i.e.: he, she, it, etc.) requires to look back to something that has been said before. Through this cohesion relation, two text clauses are linked together.
Cohesion is achieved through the use in the text of semantically related terms, reference, ellipse and conjunctions (Barzilay and Elhadad, 1997) . Among the different cohesion-building devices, the most easily identifiable and the most frequent type is lexical cohesion. Lexical cohesion is created by using semantically related words (repetitions, synonyms, hypernyms, hyponyms, meronyms and holonyms, glosses, etc.) Our technique used WordNet (Miller, 1990) as the knowledge source to find the semantic relations among the words in a text. We assign weights to the semantic relations. The technique can be decomposed into two steps: (1) building a representation of all possible senses of the words and (2) disambiguating the words based on the highest score. The remainder of this paper is organized as follows. In the next section, we review previous work. In Section 3, we define the semantic relations and their weights. Section 4 presents our two step procedure for WSD. We conclude with the evaluation.
Previous Work
Lexical Chaining is the process of connecting semantically related words, creating a set of chains that represent different threads of cohesion through the text (Galley and McKeown, 2003) . This intermediate representation of text has been used in many natural language processing applications, including automatic summarization (Barzilay and Elhadad, 1997; Silber and McCoy, 2003) , information retrieval (Al-Halimi and Kazman, 1998) , and intelligent spell checking (Hirst and St-Onge, 1998) . Morris and Hirst (1991) at first proposed a manual method for computing lexical chains and first computational model of lexical chains was introduced by Hirst and St-Onge (1997) . This lineartime algorithm, however, suffers from inaccurate WSD, since their greedy strategy immediately disambiguates a word as it is first encountered. Later research (Barzilay and Elhadad, 1997) significantly alleviated this problem at the cost of a worse running time (quadratic); computational inefficiency is due to their processing of many possible combinations of word senses in the text in order to decide which assignment is the most likely. Silber and McCoy (2003) presented an efficient linear-time algorithm to compute lexical chains, which models Barzilay's approach, but nonetheless has inaccuracies in WSD.
More recently, Galley and McKeown (2003) suggested an efficient chaining method that separated WSD from the actual chaining. It performs the WSD before the construction of the chains. They showed that it could achieve more accuracy than the earlier ones. Our method follows the similar technique with some new semantic relations (i.e.: gloss, holonym, meronym).
Semantic Relations
We used WordNet2.1 1 (Miller, 1990) and eXtended WordNet (Moldovan and Mihalcea, 2001) as our knowledge source to find the semantic relations among the words in a context. We assigned a weight to each semantic relation. The relations and their scores are summarized in the table 1.
System Overview
The global architecture of our system is shown in Figure 1 . Each of the modules of the system is described below.
Context Processing
Context-processing involves preprocessing the contexts using several tools. We have used the following tools:
Extracting the main text: This module extracts the context of the target word from the source xml document removing the unnecessary tags and makes the context ready for further processing. 
All Sense Representation
Each candidate word is expanded to all of its senses. We created a hash representation to identify all possible word representations, motivated from Galley and McKeown (2003) . Each word sense is inserted into the hash entry having the index value equal to its synsetID. For example, athlete and jock are inserted into the same hash entry (Figure 2 ).
Figure 2. Hash indexed by synsetID
On insertion of the candidate sense into the hash we check to see if there exists an entry into the index value, with which the current word sense has one of the above mentioned relations. No disambiguation is done at this point; the only purpose is to build a representation used in the next stage of the algorithm. This representation can be shown as a disambiguation graph (Galley and McKeown, 2003) where the nodes represent word instances with their WordNet senses and weighted edges connecting the senses of two different words represent semantic relations ( Figure: 3). 
Sense Disambiguation
We use the intermediate representation (disambiguation graph) to perform the WSD. We sum the weight of all edges leaving the nodes under their different senses. The one sense with the highest score is considered the most probable sense. For example in fig: 3 Bass is connected with three words: Pitch, ground bass and sound property by its instrument sense and with one word: Fish by its Food sense. For this specific example all the semantic relations are of Hyponym/Hypernym type (score 0.33). So we get the score as in table 2.
In case of tie between two or more senses, we select the one sense that comes first in WordNet, since WordNet orders the senses of a word by decreasing order of frequency.
Sense
Mne 
Peter bought a computer. It was a Dell machine.
Holonym And Meronym
Y is a holonym of X if X is a part of Y And X is a meronym of Y if X is a part of Y The keyboard of this computer is not working.
0.33

Gloss
Definition and/or example sentences for a synset.
Gloss of word "dormitory" is {a college or university building containing living quarters for students} 0.33 Barzilay and Elhadad (1997) and Silber and McCoy (2003) but this method is highly dependent on the lexical cohesion among words in a context. So the length of context is an important factor for our system to achieve good performance. For the task the context given for a tagged word was not so large to capture the semantic relations among words. This may be the one of the reasons for which our system could not achieve one of the best results.
